Abstract. Performance of a sensory-neural network developed for diagnosing of diseases is described. Information about patient's condition is provided by answers to the questionnaire. Questions correspond to sensors generating signals when patients acknowledge symptoms. These signals excite neurons in which characteristics of the diseases are represented by synaptic weights associated with indicators of symptoms. The disease corresponding to the most excited neuron is proposed as the result of diagnosing. Its reliability is estimated by the likelihood defined by the ratio of excitation of the most excited neuron and the complete neural network.
Introduction
Medical diagnosing can be treated as a mapping of symptoms to characteristics of diseases [1, 2] . Our goal is to develop a sensory-neural network (SNN) by which this mapping could be performed automatically by a PC [3, 4, 5] . With this aim we first transform data about patient's condition into a proper form for the numerical processing. This transformation corresponds to sensing of symptoms by sensors at the input layer of the SNN shown in Fig. 1 . Similarly as data of patients, the characteristics of diseases are transformed and utilized to specify the synaptic weights of neurons in the next layer [6] . At this specification we take into account the performance of a doctor at the diagnosis assessment. The doctor collects symptoms of the treated patient and compares them with the properties of diseases. At the comparison he considers certain symptoms as more significant than others and so assesses the agreement between given symptoms and those describing diseases [6, 7] . The disease with the highest correlation is then selected as a result of diagnosis. We describe such treatment by characterizing the significance of symptoms by synaptic weights connecting the sensors to neurons that correspond to various diseases. A signal from a particular sensor thus contributes different amounts to excitation of various neurons. The excitation of a particular neuron therefore represents the correlation between the symptoms of a patient and the properties of the disease represented by the neuron. The disease corresponding to the most excited neuron in the NN layer determines the result of diagnosis. We describe the reliability of such assessment by expressing the output of the neuron relatively with respect to the mean value of all outputs. The corresponding estimator represents the likelihood of the diagnosis. At the specification of the SNN we first select a set of diseases and specify their symptoms as well as synaptic weights of neurons. In terms of them we next define the agreement and likelihood estimators. Table 2 correspond to empty space ∅, for example: I(s, :) = {fever, y, n} ≡ {fever, y, n, ∅, ∅, ∅, ∅, ∅, ∅}.
Properties of data bases

Symptoms and diseases
According to the suggestion of the research initiator Table 1 and used to describe the sensory layer of the SNN [3, 4] . A symptom S(s) is described by up to N i = 9 possible indicators I(s, i) shown in Table 2 . A particular disease is characterized by various symptom indicators. The presence or absence of a symptom indicator can be generally denoted by 0 or 1, but such indication leads to a very rough assessment of diagnosis. For a better assessment we describe the importance of the symptom indicator I(s, i) of the disease D(d) by a synaptic weight W (d, s, i). A non important indicator is assigned the weight W = 0, while the other weights are positive or negative. A negative weight points to the absence of the disease. To avoid problems related with network training we apply a set of fixed weights specified by a clinical research. Their values mostly lie in the interval (1, 3) . By the set 2,2,1) (3,3,1) (4,1,1) (6,1,1) (9,1,1) (10,1,1) (14,1,1) (16,1,1) (17,1,1) (20,1,1 Table 3 we describe quantitatively the properties of diseases. For this purpose we treat the weights W (d, s, i) as the transmission parameters of synaptic joints on the neuron with index d. To provide for equivalent treatment of all diseases at the assessment of a diagnosis, it is reasonable to normalize the weights so that the sum of their positive values equals 1. By using the Heaviside function: {H(x) = 0 for x ≤ 0 ; H(x) = 1 for x > 0} we include just positive weights into the total positive weight:
, and define the normalized weight by the fraction: 
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Performance of SNN
Characterization of the performance
For a wide application we have developed a program that interacts with a user over a graphic interface [3, 4] . At the start the graphic interface presents the user with three options: 1) Identifying a diagnosis based on completing the questionnaire, 2) Testing the program performance based on internally stored data sets of formal symptoms for all diseases, 3) Changing the weights of symptom indicators. All options can be repeated.
In the first option a new window with instructions for the user appears together with a window to enter the patient's name. After accepting the name, the program shows sequentially 46 windows with the symptom names and their indicators. Confirmed data are translated into the response matrix R that is led from the sensory to the neural layer of SNN, where the distributions of the agreement A and likelihood L are determined. The results are transferred to the user over various channels. The most informative is the displayed diagram of A(d) and L(d) distribution versus the disease index d. The lines at the levels of < A >, < A > +σ A and < A > +2σ A are used as references for a visual assessment of the diagnosis. Two examples are shown in Fig. 2 . In addition to such diagram, the files with the patient's responses and corresponding numerical data are available for printing.
In the second option the program displays the set of diseases. After one of them is selected, the program applies the corresponding formal set of symptoms and uses it instead of the patient's symptoms in the same procedure as in the first option. This step shows the optimal possibility of the selected disease diagnosis.
The third option allows specialists to examine how a variation of synaptic weights influences the diagnosis process. By adjusting the weights and further testing the diagnosis using the second option, the performance of the complete program can be gradually improved. With this aim, the program allows modification of weights. This option provides for NN training, while the changing of the set of symptoms provides for evolution of the complete SNN. 
Testing of the program performance
To demonstrate the performance of developed SNN we first present results of its testing performed with the formal symptoms of the typical disease D(13) -hypertension. In this test, we get the diagram shown on the left of Fig. 2 .
The value of the corresponding optimal agreement estimator is in this case A o (4) = 100%, and it surpasses the mean value < A > for 3.25 σ A . This outstanding deviation from the mean value indicates a correct assessment of the diagnosis. But the value of A corresponding to several other diseases also surpasses the mean value < A >. This outcome indicates that the symptoms of these diseases are in a sense similar to those of hypertension. In spite of this property, the distribution of A(d) suggests selecting hypertension as the result of the diagnosis. Although the agreement with its symptom indicators is A o = 100%, the likelihood value of hypertension disease is only L o = 35%; the other values, however, are still appreciably smaller:
Similar performance of the program as in testing the diagnosis of hypertension is observed when using formal symptoms of other diseases. 
Conclusions
Our testing has indicated that the selected sets of symptoms and synaptic weights provide a proper basis for the specification of a sensory-neural network applicable for an automatic diagnosing of selected diseases. The advantage of the developed method is the quantitative expression of the agreement between patient symptoms and properties of diseases. By using this estimator various subjective errors could be avoided at the assessment of a diagnosis. Moreover, its reliability can be described by the disease likelihood estimator. Consequently, the developed SNN could be widely applied by medical doctors and patients outside the professional environment.
At the development of our SNN we have utilized synaptic weights determined by doctors. However, in the interest of refining the diagnosing the corresponding data could also be automatically created and even improved during the application of the corresponding computer program. Various methods developed for training artificial neural networks could be applied for this purpose [1, 6] . Such an adaptation would in fact allow for the acquisition of new medical knowledge and also for its storage.
We are aware that our procedure corresponds to a rather crude simplification of the professional performance of doctors. To improve it one should take more symptoms as well as diseases into account. However, making such an improvement requires more in depth descriptions of the corresponding sets. We expect that for this purpose applying a hierarchic structure could be advantageous.
